Introduction
Wine terroir, the set of perceived qualities imparted to a wine by its land of origin (e.g. van Leeuwen et al., 2004) , by definition, is related to geographical patterns. This has economic importance, and, accordingly, wine grape-growing regions are legally delimited and regulated. An American Viticultural Area (AVA) is a geographically delimited American wine grape-growing region, defined for its distinguishing features of climate, geology, soils, physical features (topography and water), and elevation. Recent detection of microbial biogeographical patterns in wine grape musts has provided a potential link between microbial biogeography and wine terroir by AVA (Bokulich et al., 2014) . However, the present study is the first to examine soil microbial biogeography as a function of the features that define an AVA. Here, we lay a foundation upon which to link the terroir of wine back to the soil-borne microbial communities.
Wine grape production, a multi-billion dollar global industry, can support a multi-functional landscape that provides many ecosystem services (Viers et al., 2013) . Soil microorganisms are an active part of these ecosystem services, for example, through pathogen suppression (Garbeva et al., 2004) , nitrogen cycling (Madsen, 2005) , and mineralization, contribution, and preservation of soil organic matter (K€ ogel-Knabner, 2002; Kuzyakov et al., 2009; Grandy and Neff, 2008; Plaza et al., 2013) . Indirect effects of soil microorganisms on plant growth, health, and fruit development are particularly pertinent to the role of soil microorganisms in wine terroir (Garbeva et al., 2004; Compant et al., 2010) . Conceptually, vineyard microorganisms that participate in unique, beneficial interactions could be exploited to improve or modify grapevine performance and enhance wine properties in specific viticultural zones. Likewise, soil microorganisms that negatively impact wine grape production, such as stunting fruit development or promoting excess vigor, could be controlled by both biotic factors and viticultural management practices. to enhance wine grape production.
Understanding the form and function of soil microbial community in the grape perennial cropping system will facilitate our ability to enhance wine grape production. Improvements in nextgeneration sequencing technology have made high-throughput community analyses affordable, allowing widespread, comprehensive biogeographical surveys of microbial communities. Biogeographical patterns of microbial communities across all systems, including soil systems, are thought to be driven by two general factors: dispersal limitation and contemporary environmental heterogeneity (Fierer, 2008) . A driver is "any natural or human-induced factor that directly or indirectly causes a change in an ecosystem" (Nelson et al., 2005) . However, because of the paradox of scale, different drivers may dominate at different scales. The hypothesis "everything is everywhere, but the environment selects" (Baas Becking, 1934; De Wit and Bouvier, 2006) suggests environmental heterogeneity alone drives microbial biogeographical patterns. More recent studies also support the importance of dispersal limitation, by showing the power of geographic distance in predicting soil microbial community structure (Martiny et al., 2006) . Thus, the drivers of soil microbial community structure include (a) environmental heterogeneity itself, (b) factors that influence that environmental heterogeneity, and (c) geographic distances.
In soils, examples of these drivers include climate, soil properties, land use or management, and topography, including slope and elevation. Soil properties that are potential drivers of soil microbial community biogeographical patterns, include soil texture, pH, water content, carbon (C) and nitrogen (N) content, and C:N ratio, and the ability of soil microorganisms to influence their own environment (Drenovsky et al., 2004; Cookson et al., 2006; Fierer and Jackson, 2006; Hogberg et al., 2007; Lauber et al., 2009; Fierer et al., 2012) . Specifically, microbial communities are likely responsible for both contributing and stabilizing fine soil organic matter (SOM) associated with silt and clay particles (<53 mm) (K€ ogel-Knabner, 2002; Grandy and Neff, 2008; Plaza et al., 2013) , thus providing a key mechanism for agricultural producers to participate in mitigation of greenhouse gas emissions. Even though the SOM in fine soil fraction (<53 mm) is often assumed to be mineral associated, Plaza et al. (2013) suggested this may not always be the case. Therefore, we refer to this fraction as 'fine SOM' instead of 'organomineral complexes.' Typically, fine SOM is thought to reflect residues that have been highly decomposed by soil microorganisms. Therefore, it is likely that fine SOM concentrations and measures of soil microbial activity, like respiration and potentially mineralizable nitrogen (PMN), reflect the microbial community structure (Soon et al., 2007; Riches et al., 2013) . Although PMN has been found to correlate with bacterial community structure (Cookson et al., 2006) , the link between SOM concentration gradients, either in the silt-and clay-sized fraction or in coarser fractions, with soil microbial community structure is less clear. Furthermore, mechanisms behind these myriad drivers of soil microbial community structure named here are not entirely understood, and these factors alone often do not fully explain the spatial patterns observed in soil microbial community structure (Drenovsky et al., 2010) .
The distinct features of the Napa Valley AVA of California, its subdivision into 16 smaller AVAs (i.e. sub-appellations) and the well-documented knowledge of the environment, soils, and management provided the opportunity to examine the effects of each of these factors on soil microbial community structure in order to identify key drivers of soil microbial biogeographical patterns. To exploit this opportunity, we measured differences in the soil bacterial and archaeal community structure as a function of soil properties and environmental gradients in Napa Valley. Microbial community structure was examined by sequencing the fourth variable region of the small subunit ribosomal RNA gene (16S V4 rDNA) amplified from total genomic DNA extracted directly from the soil. We acknowledge that while there are limitations to using 16S rRNA sequences in comparison to metagenomics, which can allow for characterization of functional traits, this approach is still an effective and common technique for characterizing the soil bacterial community structure (Lombard et al., 2011) . Based on current understanding of soil-microorganism interactions and microbial biogeography, we hypothesized that: (1) PMN of whole soil and C and N content of fine SOM are correlated with soil bacterial community structure and (2) variations in soil bacterial communities, at the landscape scale, result from gradients in environmental and edaphic properties, which may be represented by AVAs.
Materials and methods

Study system
Soil samples were collected from 57 sites in 19 wine grape vineyards, with three sites per vineyard, throughout the Napa Valley AVA (Fig. 1) . Napa County and its AVAs offer a diversity of mesoclimates, soils, and topography, consisting of steep mountains, rolling hills, terraces, and several dividing valleys of various sizes (Lambert and Kashiwagi, 1978) . Partitioning around medoids (Kaufman and Rousseeuw, 1990; Hollander, 2012) considering elevation, solar irradiation, soil great group, soil drainage class rank, soil texture by percent sand, silt, and clay, and percent organic matter from the Soil Survey Geographic Database (SSURGO, 2010) was used to determine potential soil sampling sites across eight cluster types in order to capture the diversity of environmental conditions throughout the Napa Valley AVA as part of a larger study. The present study uses a subset of those samples from six of the eight cluster types based on sample fidelity for microbial work. Thus, this study is structured as a completely randomized design (Drenovsky et al., 2010) due to unequal sampling across clusters. Each site's GPS coordinates were utilized to extract select soil (SSURGO, 2013), climate (PRISM Climate Group, 2012) , and topographical data (Towill, 2003) from a geographic information system. The soil type, landscape features, and management practices of the 19 selected vineyards are outlined in Table 1 . The 19 vineyards represent 8 of the 16 sub-appellations of the Napa Valley AVA (Fig. 1 ) and 4 soil great groups (Haploxeralfs, Haploxerolls, Haploxerults, Xerofluvents) of various textures (Table 1) .
Soil sampling and characterization
Soil samples were collected MarcheJune, 2011, at a depth of 0e5 cm, from the centers of the vineyard alleyways. Plant residues and shoots, if present, were removed prior to soil collection. GPS coordinates were recorded for each site. Pairwise geographic distances between sites within each vineyard ranged from 19 m to 270 m, and pairwise geographic distances between sites from vineyard to vineyard ranged from 112 m to 52.97 km (Fig. 1) . At each site, three soil samples, approximately 2 m between each, were collected and mixed into a composite sample. Samples were kept on ice (ca. 2e6 h) until representative subsamples were divided for laboratory analyses. For microbial community assessment, 50 g of soil from each composite sample was stored in sealed plastic bags at À80 C.
Whole-soil physicochemical property determination
Bulk density, soil water content, pH, inorganic nitrogen (N) pools, dissolved organic carbon (DOC), and potentially mineralizable nitrogen (PMN) were determined for each composite sample. During soil sampling, a brass ring (diameter 5.2 cm and height 6.6 cm) was used to collect soil profile cores for bulk density determination. Gravimetric soil water content was determined by drying soil (50 ge300 g) at 105 C for 24 h. The pH was determined using a 1:1 water to soil ratio. Inorganic N and DOC were extracted using 0.5 M potassium sulfate (K 2 SO 4 ; 30 mL per 12.5 g soil) (Jones and Willett, 2006; Rousk and Jones, 2010) . DOC was determined on a Total Organic Carbon Analyzer (TOC-V CSH, Shimadzu Scientific Instruments, CA, USA) (Pella, 1990a,b) . PMN was measured by anaerobic incubation (15 mL DDI water per 7 g soil) at 40 C for 7 days and extracted with 2 M potassium chloride (KCl; 30 mL per 7 g soil, from the addition of 15 mL of 4 M KCl per incubated sample) (Waring and Bremner, 1964; Soon et al., 2007) . Nitrate and ammonium concentrations from soil and PMN were determined by colorimetric analysis (Kempers and Kok, 1989; Miranda et al., 2001 ).
Soil fractionation and chemical property determination
Soil was fractionated into size classes for characterization of organic matter pools (Lee et al., 2009 ). Air-dried soil was sieved to <2 mm, shaken with 0.5% sodium hexametaphosphate (Na 6 O 18 P 6 ; 100 mL per 30 g soil) for 18 h, wet-sieved into fractions (2000e1000 mm, 1000e250 mm, 250e53 mm, and <53 mm), ovendried at 65 C for 3 days, and mechanically ground for 4 h. Total C and total N of each fraction and of the whole soil (<2 mm fraction) were determined by combustion using an Elemental Combustion System (Costech Analytical Technologies, Inc., CA, USA) (Pella, 1990a,b) .
Soil DNA extraction
From each frozen (À80 C) soil sample stored at À80 C, a representative subsample was homogenized using a sterile mortar and pestle. DNA from four subsamples (0.25 g field-moist soil each) was extracted using the PowerSoil™ DNA Isolation Kit (MO BIO Laboratories, CA, USA). The manufacturer's protocol was modified slightly by: (i) increasing the vortex time of the PowerBead Tubes to 15 min on a vortex equipped with a 24-place vortex adapter, (ii) extending centrifugation of the PowerBead Tubes to 60 s to for soils with higher clay contents, and (iii) extending the drying time after use of Solution C5 to 2 min. All DNA extracted from soil was checked for quality using gel electrophoresis and a NanoDrop spectrophotometer (Thermo Fisher Scientific, DE, USA).
DNA library preparation and sequencing
The V4 region of the 16S rRNA gene (Liu et al., 2007) was amplified using the universal primer pair 515F (5 0 -NNNNNNNNGTGTGCCAGCMGCCGCGGTAA-3 0 ) and 806R (5 0 -GGACTACHVGGGTWTCTAAT-3 0 ) (Bates et al., 2011; Caporaso et al., 2011) , following a procedure similar to that of Bokulich et al. (2012) . Specifically, a unique 8-digit barcode sequence on the 5 0 end of the forward primer was applied to each sample to allow multiplexed sequencing downstream. Each polymerase chain reaction (PCR) contained 5e25 ng DNA template, 1Â Colorless GoTaq Flexi Buffer (Promega Corporation, WI, USA), 0.625 u GoTaq DNA Polymerase (Promega Corporation, WI, USA), 1.25 mM MgCl 2 , 0.2 mM of each dNTP, and 0.2 mM of forward and reverse primer. Each PCR run included a negative control. Thermal cycler conditions consisted of initial denaturation at 94 C for 3 min, followed by 35 cycles of denaturation at 94 C for 45 s, annealing at 50 C for 1 min, and extension at 72 C for 1.5 min, and a final extension at 72 C for 10 min.
Following PCR amplification, products were checked using gel electrophoresis. Samples exhibiting weak bands were reamplified. PCR products were combined into a single pooled sample on an equimolar basis based on concentrations determined using a Qubit fluorometer (Invitrogen, Life Technologies, CA, USA). The pooled sample was passed over illustra MicroSpin S-300 HR Columns (GE Healthcare Life Sciences, NJ, USA) for PCR purification and submitted to the University of CaliforniaeDavis Genome Center DNA Technologies Core Facility (Davis, CA, USA) for sequencing using the MiSeq system (Illumina, Inc., CA, USA).
DNA sequence processing and analysis
Raw Illumina fastq files were demultiplexed and quality filtered using QIIME v1.6.0 and analyzed using QIIME v1.7.0 (Caporaso et al., 2010b) (Table S1 ). Reads with a Phred quality of <20 were discarded. Operational taxonomic units (OTUs) were assigned using QIIME's UCLUST-based (Edgar, 2010) open-reference OTU-picking workflow, with a threshold of 97% pairwise identity. Sequence prefiltering (discarding sequences with <60% pairwise identity to any reference sequence) and reference-based OTU picking were performed using the Greengenes 16S rRNA gene database (13_5 release) (DeSantis et al., 2006) . OTUs were classified taxonomically using a QIIME-based wrapper of the Ribosomal Database Project (RDP) classifier (Wang et al., 2007) and the Greengenes 16S rRNA gene reference database (13_5 release) (McDonald et al., 2012; Werner et al., 2012) , using a 0.80 confidence threshold for taxonomic assignment. 16S rRNA gene sequences were aligned using PyNAST (Caporaso et al., 2010a ) against a template alignment of the Greengenes core set filtered at 97% similarity, and a phylogenic tree was generated from the filtered alignment using FastTree (Price et al., 2010) . Principal coordinates analysis (PCoA, i.e. metric multidimensional scaling), using the weighted and unweighted UniFrac (Lozupone and Knight, 2005) distance matrices of pairwise community dissimilarities (b-diversity) on a randomly selected subset of 6803 sequences per sample (a cutoff based on inspection of the library), showed tight clustering of the replicate samples originating from the same composite soil sample (Fig. S1 ). For that reason, each replicate was collapsed into its composite sample: OTU tables were split by sample replicate, unique replicate identifiers were removed, and these OTU tables (without replicate identifiers) were merged, forming the OTU table to be used for all further analyses. Any OTU representing less than 0.001% of the total filtered sequences was removed to avoid inclusion of erroneous reads that would otherwise lead to inflated estimates of diversity (Bokulich et al., 2013) , as were samples represented by less than 28,008 sequences (a cutoff based on inspection of the library) following all quality-filtering steps.
A randomly selected subset of 28,008 sequences per sample was used for assessments of richness and diversity. The a-diversity (within-sample species richness and evenness) was estimated based on Faith's phylogenetic diversity index (Faith, 1992) . Richness was estimated by the number of observed phylotypes (97% similarity OTUs) and by the Chao1 richness estimate, which takes into account the number of singletons present per sample, since they may suggest additional undetected phylotypes (Chao, 1984) . Latitude, elevation, slope, average annual precipitation, and soil properties were tested for linear relationships with estimates of adiversity and richness using Pearson's product moment correlation coefficient (r) with its probability estimate for significance (P, uncorrected).
The b-diversity (between-sample community dissimilarity), using the weighted UniFrac (Lozupone and Knight, 2005 ) distance between samples, was calculated in QIIME. To enable visualization of sample relationships, the resulting weighted UniFrac distance matrix was used to perform non-metric multidimensional scaling (NMDS) in the R (R Core Team, 2013; RStudio, 2013) vegan package (Oksanen et al., 2013) using four dimensions as determined based on the elbow of the scree (stress vs. dimensions) plot in PC-ORD (MjM Software, Gleneden Beach, OR, USA; McCune and Grace, 2006) . NMDS is considered the most robust unconstrained ordination method (Minchin, 1987; McCune and Grace, 2006; Oksanen et al., 2013) . To explore relationships between the bacterial communities and each numeric environmental variable, each variable was plotted against each NMDS axis, and Pearson correlation coefficients were computed and tested for significance. BEST, QIIME's implement of the R vegan BIOENV function, was used to rank the importance of numeric environmental features in influencing b-diversity community comparisons by computing the harmonic (weighted Spearman) rank correlations (Clarke and Ainsworth, 1993) . Each environmental feature's significance also was tested using nonparametric permutational multivariate analysis of variance (permutational MANOVA, R vegan ADONIS) (Anderson, 2001 ) with 999 permutations. For all significant numeric variables based on this analysis, Pearson correlation coefficients and significance were computed in QIIME to determine which relative taxa abundances were correlated.
Soil types and AVAs were tested for differences in soil properties, in a-diversity and richness, and in b-diversity, by differences in spread along NMDS axes, all using the KruskaleWallis rank sum test (non-parametric, one-way ANOVA). Like for the numeric environmental features, ADONIS (Anderson, 2001 ) with 999 permutations was employed to test significant differences between sample groups of AVAs or soil types, based on weighted UniFrac (Lozupone and Knight, 2005 ) distance matrices of b-diversity.
To determine which relative taxa abundances differed between AVAs or soil types at various levels of taxonomy, one-way analysis of variance (ANOVA) was performed in QIIME. We focused our attention first on our most abundant taxonomic groups and second on taxonomic groups also shown by others to be associated with Vitis vinifera rhizosphere, roots, leafs and leaf surfaces, flowers and seeds, berries and berry surfaces, grape musts, or botrytized wine fermentations (Compant et al., 2011; Leveau and Tech, 2011; Barata et al., 2012; Bokulich et al., 2012; Martins et al., 2012; Bokulich et al., 2014) (Table S2 ). Canonical discriminant analysis (CDA) was performed using the candisc and heplots R packages to graphically reveal differences between sample groups of AVAs or soil types and to identify high-level taxa associated with each AVA and soil type (Friendly, 2007; Gittins, 2011; Fox et al., 2013; Friendly and Fox, 2013 ).
Accession numbers
The sequences from this study have been deposited in the QIITA data bank, accession numbers 10082.
Results
Soil physicochemical properties
The soil physicochemical characteristics are presented in Table 2 and Tables S3eS4 (see also Dataset S1). Soil TC and TN varied from 10.61 to 60.64 g kg À1 soil and from 0.91 to 4.73 g kg À1 soil, respectively. Soil C:N ratios ranged from 9.44 to 16.52. Soil resource pools, i.e. pools of C and N including whole soil TC and TN, DOC, PMN, and TC and TN of the 53e250 mm and <53 mm soil fractions, were positively correlated, along with several other environmental variables (Pearson r > abs(±0.26), P < 0.05, Table S5 ). Notably, elevation was positively correlated with latitude, slope, average annual precipitation, soil TC and TN, DOC, PMN, TC and TN in the 53e250 mm soil fraction, TC (but not TN) in the <53 mm soil fraction, and the C:N ratio of the 53e250 mm soil fraction. Latitude, slope, and average annual precipitation were also positively correlated with soil resource pools, particularly, whole soil TC and TN, DOC, PMN, and TC and TN in the <53 mm soil fraction. In general, spatial and topographic variables in Napa Valley reflect edaphic factors. Soil properties, especially those that reflect resource availability to soil microorganisms, differed across AVAs and soil types (uncorrected KruskaleWallis rank sum tests, Table 2 and Tables S3,S4 ). The TC, TN, and C:N of the whole soil and each soil fraction, DOC, PMN, pH, and soil water content were each statistically different across AVAs (P < 0.05, Table 2 ). In general, soils from the AVAs Howell Mountain, Oak Knoll, and Calistoga were loams (Table 1) and tended to have the highest C, N, C:N, pH, and soil water content compared to soils from other AVAs. Most notably, soils from Howell Mountain, Oak Knoll, and Calistoga had on average 5.8-fold greater TC in the 53e250 mm soil fraction, 5.0-fold greater TN in the 53e250 mm soil fraction, and 4.8-fold greater PMN than soils from the other AVAs (P < 0.001). Xerofluvents, which were predominantly silty loams, had on average 2.9-fold lower TC in the 250e1000 mm soil fraction, 2.7-fold lower TN in the 250e1000 mm soil fraction, and 7.4-fold lower PMN than the other soils (P < 0.002). Meanwhile, the Haploxerults, which were all loams, had the highest soil water content, with a mean 1.7-fold greater than the other soils (P < 0.001).
Within soil textural classes, on average, loams had 3.1-fold higher TC in the 53e250 mm soil fraction and 2.7 fold higher TN in the 53e250 mm soil fraction when compared to the other soils (P 0.01). Loams had on average 1.4-fold higher PMN than the mean PMN of all soils, while silt loams had 4.7-fold higher PMN than the mean PMN of all soils (P < 0.001). The loams included soils from all four soil great groups across many AVAs, while the silt loams were predominantly Xerofluvents in the Rutherford AVA (Table 1) . Sandy loams, which were all Haploxeralfs in Rutherford, had the lowest DOC with a mean 2.5-fold lower compared to the other soils (P ¼ 0.005). Soil water content was 1.8-fold higher on average in loams and sandy loams than in silt loams and the sandy clay loam (P ¼ 0.002). In general, soil properties indicative of the soil physical environment and resource availability to soil microorganisms differed with respect to AVA, soil great group, and soil textural class.
Composition of bacterial communities
In total, we obtained 17,151,254 DNA sequences with a median read length of 242 bp. After quality filtering, 5,743,693 sequences remained, with 28,008 to 208,727 sequences obtained per sample (mean ¼ 100,767 sequences). Of these filtered reads, 99.996% were classifiable to the phylum level, and 43.054% were classifiable to the genus level (Table S6) . When grouped at the 97% similarity level, there were 7312 different phylotypes in all of the soils, with an average of 4761 phylotypes per sample. Before final filtering, which removed any OTU representing less than 0.001% of the total filtered sequences, there were 48,227 different phylotypes in all of the soils with an average of 8246 phylotypes per sample (Table S6) .
The dominant bacterial groups (relative abundance > 1%) across all soil samples were Proteobacteria, Actinobacteria, Acidobacteria, Bacteroidetes, Planctomycetes, Chloroflexi, Verrucomicrobia, Gemmatimonadetes, and Firmicutes ( Fig. 2 and Table S7 ). Combined, these nine groups accounted for 96.4% of the sequences. Additional dominant bacterial phyla (relative abundance ! 0.05%) were Cyanobacteria, Armatimonadetes, WS3, Nitrospirae, BRC1, Chlorobi, Elusimicrobia, Fibrobacteres, and Tenericutes (Table S7) .
Diversity and richness of bacterial communities
To compare the soil microbial diversity among all samples, the same survey effort level of 28,008 randomly selected sequences was applied to each sample in the sequence library. The Faith's phylogenetic a-diversity ranged from 177 to 258 branches per sample, and phylotype richness ranged from 3184 to 5465, based on the number of observed phylotypes at 97% similarity (Dataset S1). Chao1 richness estimates ranged from 4243 to 6172 (Dataset S1). The diversity between samples (b-diversity) is presented in Dataset S2 as a matrix of pairwise weighted UniFrac distances, or the phylogenetic dissimilarities between samples, weighted based on relative phylotype abundances. The UniFrac distances range from 0.0611 (most similar) to 0.3418 (most dissimilar), with an average distance of 0.1717 (±0.0519) between sites within the same vineyard, and an average distance of 0.2032 (±0.0474) between sites in different vineyards. There was a significant increase in phylogenetic distance, or pairwise dissimilarity in the weighted UniFrac distance matrix, with increasing geographic distance (Pearson r ¼ 0.296, P < 0.001) (Fig. 3) , despite the small geographic scale of the present study (<53 km).
3.3.1. Region, environmental attributes, and bacterial alphadiversity patterns
To address the hypothesis that species richness and biodiversity vary with AVA and environmental attributes, these attributes were tested for relationships with Chao1 richness and Faith's phylogenetic a-diversity (PD). Neither richness nor PD varied with AVA (KruskaleWallis rank sum test, P > 0.05). Among spatial coordinates, topographical measurements, average annual precipitation, and soil properties, only soil properties showed consistent significant correlations with PD and richness (Table S8) . Finer textures, drier soils, and higher TC and TN in coarse fractions (250e1000 mm) were related to higher a-diversity or richness, while pH and other pools of C and N did not show relationships.
Region, environmental attributes, and phylogenetic bacterial beta-diversity patterns
Phylogenetic b-diversity segregates by AVA, based on unconstrained NMDS ordination of the weighted UniFrac distances . Bacterial phyla and classes of proteobacteria were assessed for dominance based on their relative abundances across all samples, and dominant groups were chosen for each having greater than 1% relative abundance. Relative abundances were estimated based on frequency of occurrence of sequences classified to each taxonomic group. The "Other" group encapsulates bacteria and archaea belonging to all other phyla (each <1%). Weighted Unifrac distance indicates phylogenetic b-diversity, and geographic distances are Euclidean distances in kilometers, considering dissimilarity in latitude, longitude, and elevation. The relationship was tested using Pearson's product moment correlation coefficient (r) with its probability estimate for significance (p). The line of best fit is from linear least-squares regression. (Fig. 4) . The AVAs each cluster separately and distinctively in NMDS space, with the exception of overlap with the heavily sampled Rutherford AVA and overlap between Howell Mountain and Calistoga AVAs in the space of the first and second axes. The KruskaleWallis rank sum tests for sample scores along each axis confirms that sample scores along the first (P < 0.001), second (P ¼ 0.005), and fourth (P ¼ 0.022) NMDS axes show separation with AVA (Fig. 4 and Table S9 ). Soil type, whether assessed by soil great group or soil textural class, showed statistically significant separation only on the second NMDS axis (P ¼ 0.023 and 0.007, respectively, Table S9 ).
b-diversity patterns with spatial coordinates, climate, topography, and soil properties were also discernible in NMDS ordinations (not shown). These patterns were confirmed by lines of best fit from linear least-squares regression for each NMDS axis versus each numeric environmental feature (not shown) and Pearson's product moment correlation coefficients with their respective probabilities ( Fig. 5 and Table S8 ). The strongest correlations for each axis are as follows: elevation with NMDS axis 1, pH with NMDS axis 2, and the C:N ratio of the <53 mm soil fraction, with NMDS axes 3 and 4 (Fig. 5) . Other variables significantly correlated with NMDS axes included precipitation, silt and clay content, C:N ratios of soil fractions, and TC and TN contents in the 53e250 mm and <53 mm (P < 0.05) ( Table S8 ).
The explanatory power of the numerical variables in representing the variation in b-diversity was assessed using BEST rankings of the input variables. When soil, topographic, and other location variables were included in the analysis, elevation (which was strongly correlated with several soil C and N pools, as introduced in Section 3.1) ranked the highest, so that the best combination of variables (r ¼ 0.44) included elevation, clay content, TC in the <53 mm fraction, pH, the C:N ratios of the 53e250 mm and <53 mm fractions, longitude, and soil water content, in that order (Table S10 ). When only soil variables were included in the analysis, the resulting best combination of soil variables was strikingly different. Despite inclusion of twenty-two Table S9 shows the mean score of each group along each NMDS axis and shows the KruskaleWallis rank sum test for each grouping and axis.
soil variables in multiple iterations of the analysis, some combination of soil TC and TN, pH, soil water content, TC and TN in the <53 mm fraction, and C:N ratios of the 53e250 mm and <53 mm fractions were consistently ranked the highest (highest r's from 0.26 to 0.38, Table S10 ). That is, as long as some combination of these aforementioned soil resource variables were included, the other soil variables, including clay content, ranked lower in importance in explaining the variation in b-diversity (Table S10) .
When soil variables were excluded, BEST revealed the following ranking from highest to lowest: elevation, longitude, latitude, precipitation, and slope, where elevation alone has the highest r of any of the combinations (r ¼ 0.43, Table S10 ). The ADONIS analysis also confirmed the significance of the relationships of b-diversity patterns with silt and clay, pH, PMN, DOC and TC and TN of soil fractions <250 mm and C:N ratios (Table 3 and   Table S11 ). As ranked by the highest ADONIS R 2 -values (R 2 > 0.1, P < 0.002), the following variables were the most important: vineyard, AVA, followed by elevation, then dissolved organic carbon, slope, soil texture, soil type, precipitation, pH, latitude, clay content, TN, and TC (Table 3 and Table S11 ). Table S8 for additional relationships with each axis. 
Region, environmental attributes, and bacterial community composition as assessed by taxa abundances
Relative abundances of the dominant, or most highly abundant, phyla showed significant relationships with average annual precipitation, spatial coordinates and topography (elevation, latitude and slope), and soil properties (Pearson correlation, Tables 4 and 5 ). Soil C and N pools, notably whole soil TC, TN, DOC, and PMN, and TC and TN of the 53e250 mm soil fraction, were negatively correlated with the relative abundances of Proteobacteria (especially Betaand Gamma-proteobacteria), Bacteroidetes, Gemmatimonadetes, and Firmicutes, while positively correlated with the relative abundances of Actinobacteria. TC and TN of the <53 mm soil fraction were positively correlated with the relative abundances of Actinobacteria and Planctomycetes and negatively correlated with the relative abundances of Proteobacteria (notably Betaproteobacteria) and Gemmatimonadetes. Proteobacteria, Alphaproteobacteria, and Gemmatimonadetes were more abundant in acidic soils, while Acidobacteria were more abundant in neutral soils.
Across the different AVAs of Napa Valley, eight of the nine dominant phyla showed differences in relative abundances: Proteobacteria (as well as the classes Alpha-, Beta-, and Gamma-, and Delta-proteobacteria each individually), Actinobacteria, Acidobacteria, Bacteroidetes, Chloroflexi, Verrucomicrobia, Gemmatimonadetes, and Firmicutes (one-way ANOVA, P < 0.05, Table 4 ; canonical discriminant analysis, Fig. 6 ). Soil type by soil great group was related to the relative abundances of four of the nine dominant phyla: Acidobacteria, Planctomycetes, Verrucomicrobia, and Firmicutes (ANOVA P < 0.01, Table 4 ; CDA, Fig. 6 ). Soil texture also was related to the relative abundances of three of the nine dominant phyla: Actinobacteria, Gemmatimonadetes, and Firmicutes, but also Alpha-, Gamma-, and Delta-proteobacteria (ANOVA P < 0.05, Table 4 ; CDA, Fig. S2) .
As a reminder, soil taxa were identified for further examination by inspection from other studies surveying taxa in grape musts or botrytized wine. Additional relationships between these soil taxa and soil and environmental variables were found (Tables 4 and 5) . Among all four phyla, twenty-five families were identified, and 56%, 36%, and 44% of these families had significant differences among AVAs, soil type by soil great group, and soil texture, respectively. Of the twenty-five families, 48%, 28%, 28% and 36% had significant negative correlations with pH, TC, TN, and slope, respectively, and 20%, 24%, and 20% had significant positive correlations with PMN, C:N of the 53e250 mm soil fraction, and latitude, respectively. Sixtyeight percent of the twenty-five families were significantly correlated with at least one soil C or N pool. Of note, four of the five Alphaproteobacteria families and four of the six Actinobacteria families were associated with higher soil C or N pools, while Sphingomonadaceae (Alphaproteobacteria), Comamonadaceae (Betaproteobacteria), Pseudomonadaceae and Xanthomonadaceae (Gammaproteobacteria), Micrococcaceae and Nocardiaceae (Actinobacteria), Flavobacteriaceae (Bacteriodetes), and Bacillaceae and Paenibacillaceae (Firmicutes) were associated with lower soil C or N pools. This relationship to soil C or N pools also corresponds to relationships with latitude or slope in 70% of cases.
In summary, we found soil bacterial communities were structured with respect to AVA and soil properties (e.g. soil resources), demonstrating the complexity of soil microbial biogeography even at the landscape scale and within a single land-use type.
Discussion
Soil bacterial community composition and diversity
At a sequencing depth of 28,008 sequences per sample, the number of phylotypes, defined at 97% sequence similarity, still increased with increasing sequencing depth, suggesting the bacterial composition of the individual soils was not fully surveyed (Lauber et al., 2009; Liu et al., 2014) . Nevertheless, numerous studies have demonstrated that differences among soil samples can be resolved with a sequence effort per sample much lower than we report here (e.g. Lauber et al., 2009; Bates et al., 2011; Liu et al., 2014) . Since we were able to resolve differences with our sequencing depth, the sequencing depth of this study was deemed appropriate.
The four most abundant bacterial groups found across all samples were Proteobacteria, Actinobacteria, Acidobacteria, and Bacteroidetes, which correspond to the top four reported by Lauber et al. (2009) in natural ecosystems. The relative abundances of the nine dominant phyla found in our study more nearly correspond to those reported by Liu et al. (2014) for agricultural soils in China, planted to soybean, maize, or wheat. This suggests that the bacterial community compositions, even at a coarse taxonomic level (i.e., phyla), are altered by agriculture (Liu et al., 2014) and that agricultural bacterial communities of perennial and annual systems are more similar to each other than to the bacterial communities found Phyla representing > 1% of sequences are listed in order of their relative abundance in our soil samples. Underlined phyla include organisms identified as inhabitants of the surface or interior of Vitis vinifera or in botrylized wine fermentations. With the exception of the class Deltaproteobacteria, all of the reported classes, orders, families, and genera include organisms identified as inhabitants of the surface or interior of Vitis vinifera or in botrylized wine fermentations. Deltaproteobacteria is reported for its high relative abundance in our soil samples. in natural ecosystems. However, based on phospholipid fatty acid (PLFA) markers, Drenovsky et al. (2010) reported that microbial communities in perennial agricultural soils are more similar to those of natural ecosystems than annual agricultural soils. PLFA accounts for the composition of only the living microbial community, and includes markers for both fungi and bacteria, which may help explain these different outcomes. Together, these findings identify a gap in knowledge, suggesting that soil microbial communities of various agricultural management schemes should be further examined and compared to those found in natural ecosystems.
Geographic distribution and vineyard influence soil bacterial communities
Even though the present study was at the landscape scale (<53 km), there was still a significant increase in phylogenetic distance with increasing geographic distance, as is found for studies at the continental scale (e.g. Liu et al., 2014) . This suggests dispersal limitation is still important, even at this local scale Martiny et al., 2006; Fierer, 2008) . The principal of dispersal limitation predicts soils more distant should have greater phylogenetic dissimilarities, while soils closer together should have greater phylogenetic similarities (Fierer, 2008) . Thus, as expected at this smaller scale, the phylogenetic dissimilarities between sites were smaller than those observed at the cross-country scale by Liu et al. (2014) . This could be due to a smaller range in environmental heterogeneity, particularly climatic conditions. However, the overlap in geographic distances (from 24.50 km to 52.97 km) between the two studies, but not in phylogenetic distances, suggests that some other conditions are contributing to the greater similarity between bacterial communities of Napa Valley vineyard soils. Such conditions include the greater sequencing depth in the present study, where more comprehensive surveys yield a higher degree of overlap in phylotypes present at finer levels of taxonomic resolution between pairs of soils (Lauber et al., 2009 ), leading to smaller phylogenetic distances like those observed here. Another contributing factor could be the long history of perennial agriculture, throughout much of Napa Valley. In some areas, grapevines have been grown for more than 170 years. Cultivation has been shown to have a long-lasting impact on soil microbial community structure (Buckley and Schmidt, 2001) , and a long history in one land-use type might assert consistent long-term selective pressures across the landscape.
Within our study, the ranges of phylogenetic distances between sites within the same vineyard (0.07e0.32, median ¼ 0.18) and phylogenetic distances between sites across vineyards (0.06e0.34, median ¼ 0.20) are similar. This suggests intra-vineyard diversity is often just as great as, and in some cases greater than, the intervineyard diversity, which could be attributed to variation in geographic distances of within-and between-vineyard samples. That is, the geographic distances between samples within vineyards (19 me270 m) and between vineyards (112 me52.97 km) have overlap and inter-and intra-vineyard samples have similar ranges of phylogenetic distances. Rather than precluding the effect of vineyard and vineyard management, the similar intra-and intervineyard diversity reflect that adjacent vineyards can receive similar management and sometimes despite their proximity, receive divergent management. For a discussion of vineyard management impacts on patterns of soil microbial community structure, see Burns (2014) . Despite our observed similarity in intra-and inter-vineyard diversity, there is still a strong effect (Table 3) of the vineyard on the soil microbial community structure. This may result from a combination of: close geographic distances, similar management practices, and similar climatic, topographic, and edaphic properties within each vineyard.
Soil microbiota, AVA, and soil properties are intimately linked
Drivers of soil microbial community structure are theorized to be geographic distances, environmental heterogeneity (climate and soil properties), and factors that influence environmental heterogeneity (topography and land use or management) (Baas Becking, 1934; De Wit and Bouvier, 2006; Martiny et al., 2006; Fierer, 2008) . Thus, we hypothesized that AVAs, which are geographically delimited and qualitatively associated with certain climatic, topographic, and edaphic features, might be associated with certain soil bacterial community structures. In accord with our hypothesis, AVA was strongly related to the soil microbial communities (Table 3 and Table S11 ). Soil physicochemical properties varied not only with respect to soil type and texture but also with respect to AVA (Table 2 and Tables S3eS4). Therefore, we suggest that differences in soil properties mediate (Table S8) . Phyla representing >1% of sequences are listed in order of their relative abundance in our soil samples. Underlined phyla include organisms identified as inhabitants of the surface or interior of Vitis vinifera or in botrylized wine fermentations. With the exception of the class Deltaproteobacteria, all of the reported classes, orders, families, and genera include organisms identified as inhabitants of the surface or interior of Vitis vinifera or in botrylized wine fermentations. Deltaproteobacteria is reported for its high relative abundance in our soil samples.
the differences in soil microbial community structure found with these attributes. We also expect that the relationship of soil microbiota to AVA is related to the differing climate, topography, and soil among the different regions (Tables 1 and 2) . Latitude, topography, and average annual precipitation were relatively unimportant in determining the richness and a-diversity of the soil microbial community (Table S8 ), but they were important in explaining the b-diversity between sites (Table 3) . Elevation was positively correlated to latitude, slope, and precipitation, and all of these were positively correlated to soil C and N pools (Table S5 ). These correlations reflect the topography of Napa Valley, which grades from flat valley floors to rolling hills to steep mountains, and has the highest elevations at higher latitudes. Additionally, the positive relationship between Fig. 6 . Canonical discriminant analysis (CDA) of relative taxa abundances by American Viticultural Area (AVA) (a) and soil great group (b). Circles represent 95% confidence, and no overlap signifies significant differences between groups. Taxonomic groups included in the analysis are phyla or the most highly abundant classes of individual phylum when classlevel data was more revealing. Only taxa present across a minimum of 15% of sites were included in the analysis to limit the number of zeros, which would otherwise impair the analysis. See also Tables 4 and 5, Tables S2 and S7, and Fig. S2. precipitation, elevation, and SOM across many mountainous regions is commonly known, although the aspect of slope is also important in determining precipitation (Jenny, 1941; Dahlgren et al., 1997) . Vineyard management (i.e. tillage), soil rock content, and time since conversion from natural ecosystem to agriculture likely affects the SOM content at higher elevations in Napa Valley, as vineyards at the higher elevations tend to be no-till due to rocky conditions and are usually younger compared to the longestablished vineyards of the valley floor, and therefore likely to have differential net C loss (Carlisle et al., 2006) . We suggest that elevation was such a strong predictor of soil bacterial community structure because of its integrative connection to soil resources through its positive correlations across so many C and N pools. Thus, we consider the significance of elevation in structuring soil bacterial communities as an indicator of the influence of soil resources, rather than as a direct driver (see Section 3.3.2 and Table S10 ).
In general, with increases in latitude, elevation, slope, or precipitation, Actinobacteria, Chloroflexi, and Planctomycetia (the dominant class of Planctomycetes) relative abundances increased while Proteobacteria, Acidobacteria, and Bacteroidetes relative abundances decreased. Again, we propose that these relationships with specific relative taxa abundances is from the integrative consideration of multiple C and N pools by each latitude, elevation, slope, and precipitation (Table S5) , and not a pure effect of any of these geographic variables.
Soil resources shape soil bacterial communities
Gradients in other indicators of soil chemistry and resources, which are reflected in the correlations between soil properties and geographic variables, underlie soil microbial community structure. Soil pH is consistently associated with distinctions in soil microbial community structure here (Fig. 5 , Table 3, and  Tables S8, S10 , S11) and in other work (Fierer and Jackson, 2006; Lauber et al., 2009 ). Also consistent with previous work (Drenovsky et al., 2004; Cookson et al., 2006) , soil resources that were strongly indicative of soil microbial community structure included PMN, DOC, and TN and TC of whole soil (Table 3 and   Table S8 ). Likewise, TC and TN of the 53e250 mm and <53 mm fractions were correlated with individual taxon abundances and overall soil microbial community structure, although the associations of the fractions were slightly lower than whole soil TC and TN and the fractions were not strongly related to a-diversity or richness (Tables 3e5 and Tables S8 and S10 ). The relationship with TC and TN of the <53 mm fraction was in accord with our hypothesis that the TC and TN of the <53 mm fraction would be highly related to soil microbial community structure, which we anticipated because of microbial community associations with fine stabilized SOM (<53 mm, clay-or-silt-sized) (K€ ogel-Knabner, 2002; Grandy and Neff, 2008; Plaza et al., 2013) . Distinctions in microbial community structure may occur with respect to soil texture and organic matter because clay and silt content in combination with soil organic matter influence porosity and aggregate formation and stability (Hillel, 1982) . Soil porosity, texture and aggregates impact the microclimate experienced by soil microbes, including temperature fluctuations, gas concentrations and exchange, and soil water potential and holding capacity, and can even influence the movement of microorganisms and soil nutrients (Abu-Ashour et al., 1994; Hillel, 1982) . In our study, soil texture class, and clay and silt contents were related to soil microbial community structure, as revealed by ADONIS, BEST (clay only), and NMDS (Table 3 and Tables S8 and S10 ). Clay content, but not silt content, also had positive correlations to adiversity and richness (Table S8) . However, taxa related to clay or silt content were not the same as taxa related to TC or TN of the <53 mm fraction (Tables 4 and 5 ). Thus, our findings suggest that fine SOM may be derived from many different taxa or consortia of soil microorganisms rather than a few key taxa (K€ ogel-Knabner, 2002; Grandy and Neff, 2008; Plaza et al., 2013) , and that this function is redundant within the microbial community and not dominated by one group over another.
Soil resources also affected the community composition through changes in relative abundances of particular taxa. With increased availability of soil resources, Proteobacteria relative abundances decreased while Actinobacteria relative abundances increased (Section 3.4). Similarly, most taxa (e.g. Proteobacteria) that were related to the C:N ratio of one or more of the soil fractions (P < 0.05, Section 3.4) had greater relative abundances with soil fractions of lower C:N ratios and relatively lower C and N pools in whole soil. The one exception was Actinobacteria, which had higher relative abundances with higher PMN, C:N in the 53e250 mm soil fraction and other C and N pools (Section 3.4). Together, this suggests that the composition of the Actinobacteria population was more copiotrophic, while the composition of the Proteobacteria population was more oligotrophic, although both are diverse bacterial groups containing a wide variety of life history strategies (Fierer et al., 2007) . Contrastingly, Fierer et al. (2007) found Betaproteobacteria to be better classified as copiotrophic, while Alphaproteobacteria and Actinobacteria could not be assigned to either category. These contrasting outcomes suggest that the life history strategies of organisms in these taxonomic groupings should be studied further.
Soil-borne microorganisms and wine terroir
Previous studies show that microbial communities from vineyard wine grape musts also differ with AVA, both among appellations of Northern California and among the sub-appellations of the Napa Valley AVA (Bokulich et al., 2014, Unpublished results) . Recent work also has shown that endophytic bacteria colonize grapevine berries (Compant et al., 2011; Bokulich et al., 2014) and that most endophytic bacteria are soil-borne (Hardoim et al., 2008; Compant et al., 2010 Compant et al., , 2012 Mitter et al., 2013) . Zarraonaindia et al. (2015) recently demonstrated that a 'native' microbial fingerprint, relatively constant even with respect to other edaphic factors, exists between the microorganisms of the wine grape must, grapevine vegetative structures and fruit, and the microorganisms of the vine row soil. Such findings show strong support for the soil as a reservoir for endophytes and epiphytes that colonize grapevine structures. Martins et al. (2013) submit that dispersal of vineyard soil microorganisms occurs through rain splash, dust from tillage and air movement, suggesting that the soil microbial communities in the alley in this study can serve as a soil reservoir for grapevine microbial communities. Distinct from these other studies, the current findings demonstrate that AVA, the components that legally define it, and soil properties indicative of soil functions can all structure soil-borne microbial communities. Together, our findings and those from others discussed here highlight the possibility that biogeographical patterns of soil-borne microorganisms could influence wine quality, both directly and indirectly. However, it is currently unclear whether patterns in soil microbial community structure only correlate with edaphic, climatic, and regional factors, which exert an overwhelming effect on regional wine qualities (terroir), or if these microbiota substantially alter plant growth, health, and fruit development. Further work is also needed to identify to what extent functional redundancy exists among these regional microbiota, and hence whether the soil microbiota selected in one vineyard or region exert unique effects on plant development and, indirectly, wine propertiesdor whether microbiota selected under different conditions fill the same niches for plantemicrobe interaction.
Conclusions
The soil bacterial communities of this study were structured with respect to soil properties (e.g. soil resources) and AVA, demonstrating the complexity of soil microbial biogeography even at the landscape scale and within a single land-use type. As ranked by the highest ADONIS R 2 -values (R 2 > 0.1, P < 0.002), the following variables were the most important: AVA, followed by elevation, then dissolved organic carbon, slope, soil texture, soil type, precipitation, pH, latitude, clay content, TN, and TC. We reason that AVA, climate, and topography each affect soil microbial communities through their suite of impacts on soil properties, but more studies are required to understand the mechanisms behind these drivers. The identification of distinctive microbial communities with AVA lends support to the idea that soil microbial communities of wine grapes form a key in linking wine terroir back to the biotic components of the soil environment. By providing a fundamental background on landscape-scale soil microbial community biogeography in vineyards, this work has opened the door for future research on soil-borne microorganism-related wine terroir.
